Empirical literature on reallocation of resources during business cycles provides an evidence of increased reallocation of labor across firms during downturns. In this paper I build a theoretical model with search frictions in the labor market, that is consistent with this observation, and study implications of search and match frictions for the cross section of stock returns. In the model firms having more growth opportunities benefit from recessions due to more slack in the labor market which allows them to expand quicker and convert higher share of their growth opportunities into profitable projects. This feature generates a return spread between value and growth firms. In the model sorts of stocks based on different growth indicators yield patterns documented empirically in previous studies.
Introduction
In the seminal paper Davis & Haltiwanger (1992) propose several measures of job flows and describe their empirical properties for the manufacturing sector data in the U.S. One of the striking patterns that they find in the data is that job destruction rate is very volatile and highly countercyclical while job creation rate is much less volatile and almost acyclical. The measure of job reallocation proposed by Davis & Haltiwanger (1992) is highly countercyclical in the data. Literature on job reallocation grew very fast since then with additional empirical evidence both in favor and against the phenomenon and with theories attempting to explain it'.
In this paper I study potential implications of countercyclical reallocation for asset pricing. In particular I construct a theoretical model that features search and match frictions in the labor market along the lines of Mortensen & Pissarides (1994) . The aggregate uncertainty in the economy is driven by the aggregate productivity shock.
Firms in the economy differ by the composition of their assets: the amount of growth opportunities relative to the amount of assets in place. In the model bad times are times of high unemployment and hence hiring is much easier. This provides an opportunity for firms with higher growth potential to expand quicker. Thus during downturns labor is reallocated from mature to growing firms. This mechanism makes growth opportunities safer relative to assets in place giving rise to cross-sectional heterogeneity in stock returns. In accordance with previous empirical studies the 'Barlevy (2003) , Blanchard & Diamond (1989 , Burda & Wyplosz (1994) , Caballero & Hammour (1994 , Davis & Haltiwanger (1990 , Davis et al. (2006 Davis et al. ( , 2013 , Davis et al. (1998) , Foote (1998), Foster et al. (2001) , Foster et al. (2016) , Fujita & Ramey (2009), Greenwood et al. (1996) , Mortensen (1994) , Mortensen & Pissarides (1994) , Moscarini & Postel-Vinay (2009a,b) , Roys (2014) , Schuh et al. (1998) , Shimer (2005 Shimer ( , 2012 constitute an incomplete list of theoretical and empirical literature studying labor reallocation. model generates heterogeneity in returns of portfolios formed based on different growth indicators such as earnings-to-price and book-to-market ratio (see e.g. Fama & French 1992) or hiring rate (Belo et al., 2014) . Empirically I find that book-tomarket sorted portfolios have different exposure to the shock to unemployment rate.
In particular, loadings of returns on unemployment shock decrease monotonically from low book-to-market to high book-to-market portfolios. This result is in line with the intuition that growth firms can benefit from more slack in the labor market in times of higher unemployment.
Theoretical literature attempting to explain cross-sectional heterogeneity in stock returns through firms' economic activity is large 2 . Here I find it most important to contrast my model with the theoretical models involving only one source of aggregate risk. Most of these models relate stock returns to firms' investment into physical capital decisions. In these models firms value is comprised from the value of assets in place and the value of growth opportunities. The difference between firms' risk may come from the difference in riskiness of their assets in place, the difference in riskiness of their growth opportunities and from difference of the share of growth opportunities versus assets in place in firms value. For example, in Berk et al. (1999) 3 all firms have identical growth opportunities and controlling for market capitalization of the firm, high book-to-market signals higher riskiness of the assets in place giving rise to value premium. Similar mechanism is used in Gomes et al. (2003) . In their model assets that have higher market value have lower conditional beta. Hence firms with higher book-to-market ratio have higher risk, which generates value premium. In both of these models value premium arises due to differences in risks between firms' assets in place and it is worth noting, that growth opportunities in these models are riskier than assets in place due to option-like payoff of the growth opportunities. Carlson et al. (2004) take a different approach. They introduce operational leverage and fixed adjustment costs into the model to make assets in place riskier than growth opportunities. In their model high book-to-market firms are firms with relatively 2 Kogan & Papanikolaou (2012) contains a recent survey of the literature. 3 Apart from aggregate productivity shock the model of Berk et al. (1999) features also shocks to the risk-free rate.
less growth options in their value which makes these firms riskier giving rise to value premium. Zhang (2005) utilizes similar mechanism but puts more accent on asymmetric adjustment costs and countercyclical risk premia. In this paper, as in Carlson et al. (2004) and Zhang (2005) heterogeneity in returns arises due to difference in risk between growth opportunities and assets in place, however this heterogeneity follows from a different mechanism. In my model due to procyclical cashflows the value of assets in place is procyclical as well. Value of growth opportunities, in contrast, is countercyclical. Booms are associated with low unemployment and tight labor market, whereas in downturns unemployment is high and labor market is loose. This generates countercyclical probability of growth opportunities turning into profitable assets in place and hence countercyclical variation in the value of growth opportunities.
This paper fits into the growing literature that studies the connection of the labor market with stock returns 4 . Danthine & Donaldson (2002) observe that smoother than aggregate productivity wage payments can generate operating leverage giving rise to equity premium and excess volatility. Gourio (2007) and Favilukis & Lin (2015) argue that the same mechanism can explain heterogeneity in the cross-section of stock returns. Merz & Yashiv (2007) introduce labor and capital adjustment costs into firm's profit maximization problem and study jointly investment, hiring decisions and stock returns in the cross-section. Belo et al. (2014) and Belo et al. (2015) find empirically that higher hiring rates predict lower stock returns in cross-section. They develop a theory involving adjustment costs shock that reproduces the results of their empirical study. As will be shown in Section 4, the model with single aggregate productivity shock proposed in this paper is capable to generate this predictability.
Eisfeldt & Papanikolaou (2013) empirically find that higher organizational capital predicts lower stock returns and associate this finding with outside options of firms' key employees. Current work is most closely related to several papers that explicitly introduce labor market search frictions to study the connection between labor market dynamics and stock returns. Moscarini & Postel-Vinay (2010) The rest of the paper is organized as follows. Section 2 reviews key stylized facts and empirical results that motivate this study. Section 3 presents the model. Section 4 contains calibration strategy and numerical results. Section 5 concludes.
Empirical Motivation
Davis & Haltiwanger (1992) define gross job reallocation as a sum of job destruction and job creation within a period of time, where job destruction is the absolute value of the total change of the number of employees in all shrinking establishments and job creation is the absolute value of the total change of the number of employees in all expanding establishments. On Figure of labor force. This series is constructed using the job finding rate series constructed by Shimer (2012) and data on unemployment-to-employment worker flows from the Bureau of Labor Statistics (BLS). A remarkable pattern observed on this figure is that unemployment-to-employment flows tend to increase sharply during recessions 2 . These two patterns suggest that recessions are periods of increased turnover of workers through the unemployment pool and are periods of increased pace of hiring from the unemployment pool. Abundance of workers in the unemployment pool makes it easier for expanding firms to hire more people and find better matches for available 1I present job reallocation for the manufacturing sector only due to data availability. Existing series of job reallocation in the whole private sector are available from 1990 only.
2 Employment-to-unemployment worker flows increase during recessions too and this increase typically leads the increase of unemployment-to-employment flows, see e.g. Blanchard & Diamond (1990).
positions. Hence increased worker reallocation during recessions can be beneficial for these firms.
Vast empirical asset pricing literature documents that firms having more growth opportunities (as measured by different observable variables such as book-to-market equity ratio) have lower average stock returns. The evidence presented in the previous paragraph suggests that increased reallocation observed during economic downturns can act as a hedge for the "growth" firms, that get access to large pool of unemployed people and a big pool of talent with lack of employment opportunities. To test if fluctuations in reallocation have any relation to the cross-section of stock returns I run regressions of book-to-market sorted portfolios quarterly returns against changes in unemployment rate during the same period. I consider two specifications, with and without market excess return as a control variable:
here R' is a return on portfolio i in quarter t, Rf is the risk-free rate, R 1 is market return and A Ut is the change in unemployment rate from quarter t -1 to t. In this analysis I use five value-weighted book-to-market sorted portfolios published by professor Kenneth R. French on his website and unemployment rate from BLS.
Data sample starts in 1948Q2 and ends in 2014Q4. Panel A of Table A .1 reports the estimates of -y in specification (2.1) for the five book-to-market sorted portfolios and 5 -1 long/short portfolio. All five estimates for long portfolios are negative reflecting intuition that times of higher unemployment are also times of lower stock market valuations. More interesting, the estimates decrease monotonically from low book-to-market to high book-to-market portfolio. Panel B reports results of the regression controlling for market excess returns. In this specification the estimates of -y are positive for low book-to-market portfolios and negative for high book-tomarket portfolios. On top of that 5 -1 spread loading on unemployment change is both statistically and economically significant: one percentage point change in unemployment rate on average corresponds to 2% spread in realized returns. One can not give a causal interpretation to the results of these regressions. However, the results go in line with the hypothesis that more slack in the labor market can be beneficial for "growth" firms.
The evidence on countercyclical reallocation of labor and monotone loadings of book-to-market sorted portfolios on unemployment shocks motivate the theoretical model developed in the following section.
The Model
Time is discrete. The economy consists of a continuum of firms and a continuum of workers of measure 1. Every firm i in the beginning of period t is characterized by the number of active projects N't and the number of not active projects N't.
The structure of the labor market is close to Mortensen & Pissarides (1994) . An active project is matched with a worker, whereas a non-active project is not. Every period an active project generates profit zt, where zt is aggregate state dependent productivity which follows a first order Markov chain. I assume that profits are the same for every active project of every firm' and depend on the aggregate state only.
Non-active projects do not generate cashflows. Thus a firm's i profit is iri t = zt N't.
Every period after production has happened an active project can disappear with exogenous state dependent probability Sa (zt), in which case the worker that was matched with that project becomes unemployed. Non-active projects disappear with probability s"(zt). A non-active project can become active if matched with a worker.
Matching happens with aggregate state dependent probability
Vt
Here by ut I denote an unemployment level in the economy and by vt an aggregate number of vacancies in the economy, p is a constant parameter of the matching efficiency, g(ut, VOt) is constant returns to scale matching technology. More detailed definition of ut and Vt will be given below.
'This assumption is for simplicity and is not crucial for my results. The model can be extended by introducing idiosyncratic productivity shocks with similar results.
Entry and exit
Every period a firm exits the market with constant exogenous probability 6, in which case all of its projects disappear and employees become unemployed. To keep the mass of the firms constant every period a measure 6 of new firms enters the market.
A new firm owns no active projects, but owns a state dependent number A(zt) of non-active projects.
Timing
The timing within every period is the following: i) Aggregate productivity zt is revealed; ii) Production; iii) Share sn(zt) of non-active projects disappears, sa (zt) share of active projects disappears (separated employees join labor force next period only), share 6 (zt) of firms exit; iv) 6 mass of new firms enter the market with mean stock of non-active projects A(zt), entering firms participate in the labor market in the current period; v) Matching of non-active projects with unemployed workers happens (matched pairs become productive in the next period).
Matching and aggregation
To make non-active projects profitable firms post vacancies. A non-active project corresponds to one vacancy. Denoting by n n total number of non-active projects in the beginning of period t:
aggregate number of vacancies is determined by
This equation states that number of vacancies in period t equals number of non-active projects in the beginning of the period corrected for exit and destruction plus number of non-active projects of newly entering firms. Total labor force in the economy is normalized to 1. So unemployment is given by:
where n' -total number of projects in the economy that are active in the beginning of period t. Number of new matches arising in the economy is:
Formulation of this model allows aggregation using the law of large numbers.
Dynamics of aggregate variables in the economy is completely described by equations (3.2), (3.3), (3.4) and:
Here the first equation describes the evolution of the number of active projects.
Number of active projects in period t + 1 equals the number of active projects in period t corrected for exits and job destruction plus number of new matches in period t. The second equation describes the evolution of non-active projects. Taking into account equation (3.2), number of non-active projects in the beginning of period t +1 equals number of vacancies minus number of new matches in period t.
Stochastic discount factor
I postulate an exogenous stochastic discount factor dependent on realization of the aggregate productivity shock zt. Stochastic discount between periods t and t + 1 is defined by:
This definition of the stochastic discount factor is close to Carlson et al. (2004) .
For positive y it has the feature that states corresponding to positive unexpected changes in aggregate shock are discounted relatively more compared to the states corresponding to negative shocks. The difference from the stochastic discount factor used in Carlson et al. (2004) is the normalization term in the denominator of expression (3.6). This normalization insures that risk-free rate is constant in every state of the world and is equal to f. 2
Pricing
All firms are financed by equity only, and I assume that dividend payments coincide with firms' profits. I normalize number of shares of each firm to be 1. A firm i end of period t value, 3 Vi,t, consists of value of its active projects, Vi' and value of non-active
Since all active projects in the economy have the same productivity and all non-active projects have the same probability of being matched with a worker Vi"' and Vi' can be written as Values Vt aand Vtn are defined recursively by
2 Constant risk-free rate is counterfactual. I utilize this specification of the SDF to highlight heterogeneity in the cross-section of stock returns generated by the mechanism studied in this paper. 
Intuition
Equations (3.9) and (3.10) allow us to compare risks of assets in place and growth opportunities qualitatively. As it follows from equation (3.9) fluctuations of the value of active projects are driven by fluctuations of cashflows through aggregate productivity zt+1, by fluctuations of destruction rate sa (zt+i) and by comovement of aggregate shock with the stochastic discount factor. Cashflow is equal to zt+1 and hence procyclical, in my calibration sa(zt+l) is countercyclical, so both of these effects make V more volatile and procyclical, which increases the risk of assets in place.
From equation (3.10) it follows that fluctuations in the value of non-active projects are driven by fluctuations of V4, by fluctuations of sn(zt+i) and by fluctuations in the vacancy match probability q(ut+1, Vt+1). The value of an active project, Vta, is procyclical. In my calibration destruction rate s'(zt+ 1 ) is proportional to sa(zt+ 1 ) and hence countercyclical. These two effects make the value of growth opportunities riskier. However, note that since cashflows from active projects are non-negative, it must be the case that Vta1 > V" 1 in every state of the world. Since q (ut+i, vt+1) is increasing in unemployment and decreasing in vt, the term (q(ut+1, Vt+i)V 1 + (1 -q(ut+1, t+i))Vn 1 ) is less procyclical than Vl+ and can be even countercyclical if q(ut+i, Vt+i) varies significantly with the business cycle. This observation makes growth opportunities safer than assets in place driving heterogeneity in returns across firms with different ratio of growth opportunities to assets in place. I confirm this intuition in the simulations of a calibrated version of the model in the next section.
Numerical Analysis Calibration
The model is calibrated at the monthly frequency. Values of parameters chosen in my baseline calibration are summarized in Table A .2. I assume that logarithm of the aggregate shock zt follows AR(1) process:
where Et+1 is iid with zero mean and unit variance. I discretize the process with nz = 3 aggregate states using the procedure described in Rouwenhorst (1995). I set p = 0.92 to match average duration of the aggregate shock being in its lowest state with the average duration of NBER recessions after 1927, which is about 13 months. I set cz = 0.32 jointly with the sensitivity of the stochastic discount factor to aggregate shock parameter -y = 0.4 to match equity market premium 7.3%, and market volatility 17.3%. I set T = 0.002 to roughly match level of the risk-free rate in the economy, this value translates into annual rate of 2.4%. I follow Corhay et al.
(2015) and set monthly firm exit rate to S 0.01/3 which translates into 4% annual exit rate.
Rate of active project destruction, sa, rate of non-active project destruction, so, and the number of non-active projects an entering firm owns depend on the aggregate productivity. In calibrating these variables I pursue three goals. First, I want to restrict the dependence of these parameters on aggregate state to avoid proliferation of parameters. Second, I want to generate dynamics of the labor market that is consistent with the dynamics observed in the data. Third, I am trying to connect these values to previous studies as much as possible. To achieve these goals I postulate the following functional dependencel
Here I assume r, > 0. Consistent with the business cycle stylized facts and common intuition, these functional forms and the sign constraint insure that number of new projects appearing in the economy is procyclical, project destruction rate is countercyclical and thus more jobs/active projects are destroyed in downturns and less in booms. Destruction rate of non-active projects has the same dependence on the aggregate shock as destruction rate of active projects to ensure that difference in risk between active and non-active projects is not driven by exogenously postulated destruction rate. Note that when aggregate shock takes its median value z = 1 we have Sa(Zt) = sa, s"(zt) =s n. Using this observation I set sa = 0.02/3, which is close to the average job destruction rate of 0.026/3 per month for firms in private sector with more than 1000 employees 2 . This value is also consistent with the common value for depreciation rate of capital used in the business cycles literature. I set sn = 0.0375/3, this value translates into annual depreciation rate of non-active projects of 15%. Kung In this calibration average monthly UE flow is 1% of the labor force. This value is slightly lower than 1.6%, the number obtained using data reported in Blanchard & Diamond (1990)3 study of the worker flows.
Portfolio Sorts
Empirical literature establishing connection between growth opportunities of firms and expected stock returns is very rich. Regardless of the measure associated with growth opportunities most of the studies reveal a similar pattern: higher growth opportunities forecast lower stock returns. Fama & French (1992) document that high book-to-market and earnings-to-price ratios positively forecast returns in crosssection; Titman et al. (2004) find that higher investment rate forecasts lower stock returns; Cooper et al. (2008) document that a firm's total asset growth negatively predicts stock returns; in a recent paper Belo et al. (2014) find that higher employment growth rates forecast lower stock returns. Even though signals used to construct portfolios in cited above papers are different, all of them are likely to represent some common feature between firms. Firms having low book-to-market ratio, high asset growth or employment growth are very likely to be the firms that have more growth opportunities.
In this section I evaluate the model's ability to generate negative relation between growth opportunities and expected returns. In the model a firm is represented by a collection of matched and unmatched projects. A project becomes active and production happens when it is matched with a worker. Hence number of the firm's active projects equals the number of workers employed by a firm. At the same time, one can view every project as unit of assets owned by a firm. In the model I abstract from investment spending, however if every matched project required some investment outlay then investment spending on projects the firm owns could be treated as book value of equity or physical capital, in this case ratio of book equity to market value of the firm would be proportional to the ratio of the number of active projects to the market value of the firm. Hence, in this model I relate the number of active projects-to-market equity ratio to the conventional book-to-market equity ratio.
To evaluate the performance of the model in its ability to generate cross sectional difference in expected returns I perform sorts of stocks in simulated data. I simulate 200 panels of 2500 firms of length 1500. For every simulated panel I discard the first 500 observations to let the model converge to its stationary regime. In all of the experiments I focus on value-weighted portfolios. Equal-weighted portfolios yield the same qualitative results with slight differences in quantities.
In Table A .3 I present summary statistics of portfolios sorted based on book-tomarket equity value. The first panel shows summary statistics for empirical portfolios.
To compute these statistics I use the data downloaded from Kenneth R. French website. The sample period starts in January 1948 and ends in December 2014.
The second panel reports mean values of summary statistics across 200 simulated panels. To make comparison of the simulated and empirical data fair I follow the timing conventions used by Fama & French (1992) when constructing portfolios in the simulated data. As can be seen the model generates a sizable spread between portfolios that is comparable to the data.
In Table A .4 I present summary statistics for portfolios sorted by the earnings-to-price ratio. Again empirical data comes from professor Kenneth R. French website.
To construct earnings-to-price ratio in simulated data I calculate the sum of firm's monthly earnings in year y -1 and divide it by stock price in the end of December of year y -1. The portfolios are formed in the end of June of year y. Again model implied average returns have a substantial heterogeneity across portfolios, which roughly matches heterogeneity observed in the data. Fama & French (1992) argue that in the data heterogeneity in returns of stocks with different E/P ratio is captured by book-to-market equity. In the model developed in this paper there is a very tight relation between E/P and book-to-market ratio. Firms that have low book-to-market ratio are firms with a lot of growth opportunities and few active projects. Since only active projects generate earnings, low book-to-market firms have also low earningsto-price ratios.
As was mentioned above, other indicators of growth, such as employment growth, investment-to-capital ratio, asset growth were found to predict lower stock returns in previous empirical studies. I check if similar patterns hold in the model. Since labor is the only production input in this model, I perform employment growth rate sort. I define yearly employment growth using the formula (N 1 -Nia ) / (0.5 (A+ 1 +N,) ).
This definition of employment growth is used in Belo et al. (2014) . I form portfolios in the end of June of year y using employment growth observed in year y -1. The results of this sort are presented in Table A .5. For comparison in this table I also present empirical portfolios sorted on hiring rate and constructed following Belo et al. (2014) methodology. Again in accordance with empirical studies faster growing firms yield lower stock returns. The intuition behind this result in the model is similar to the intuition behind sorts based on book-to-market and earnings-to-price. Faster growing firms are the firms that have bigger stock of non-active projects relative to active project. Hence, employment growth is essentially inversely related to the book-to-market and earnings-to-price ratios.
To further investigate performance of the model I run regressions (2.1) and (2.2) using model simulated data. Table A.6 reports results of these regressions. Consistent with the data, estimates of -y decrease with book-to-market quintiles in both specifi-cations. One notable difference from empirical results is much higher magnitudes of the estimates of y. For example, 5-1 long/short portfolio loading on unemployment change is 3 times higher in the model simulated data relative to the real data. One of the reasons for this difference could be the "lagging" nature of unemployment. In the model both stock returns and unemployment respond to aggregate productivity shocks very fast. In reality unemployment reacts to changes in economic conditions much slower than stock returns.
Inspecting the mechanism
I the model active projects and non-active projects have different levels of risk.
Cross-sectional difference in returns is driven by the difference in composition of firms' sets of projects. Non-active projects are much safer than active projects because of the countercyclical fluctuations in unemployment. In bad times, when realization of the stochastic discount factor is high, unemployment tends to increase.
Higher unemployment translates into higher probability for a non-active project to get matched with a worker, which increases the value of non-active projects. This mechanism makes non-active projects or growth opportunities much safer relative to active projects or assets in place. However, within the model non-active projects can potentially be safer than active projects even without frictions in the labor market.
In this section I conduct a comparative statics experiment to evaluate to which extent cross-sectional difference in average returns in the model is driven by the labor market frictions.
For this purpose, I simulate the analog of the model abstracting from the labor market. More precisely, I solve the model and simulate panels of firms in the case when all of the parameters take the same values as presented in Table A .2, except that now I assume that probability for a non-active project to be matched with a worker is constant and is equal to the average value of this probability in the baseline calibration. As before I simulate 200 panels and do sorts based on book-to-market, earnings-to-price and employment growth rates. The results of these simulations are presented in Table A .7. One can see that heterogeneity in returns is still observed among ten portfolios for all three sorts. However, the magnitude of the dispersion is much lower. For example, in the baseline version of the model 10-1 spread for bookto-market portfolios is 6.5%, in the version without matching frictions this spread is 1.8% only. This leads to the conclusion that labor market frictions are potentially an important mechanism that can drive significant heterogeneity in the cross section of stock returns.
Conclusion
In this paper I study the hypothesis of how fluctuations in employment can generate heterogeneity in stock returns. I find empirical evidence that book-to-market sorted portfolios returns comove with unemployment in different ways: value stocks on average depreciate relatively more than growth stocks when unemployment goes up. This intuition and empirical findings motivate the theoretical model developed in this paper. The model links labor market search frictions with a firm risk of equity. Simulations of the model show that labor market frictions can be a powerful mechanism in generating heterogeneity in the cross-section of stock returns. In particular, it is shown than the mechanism is able to generate empirically documented patterns such as heterogeneity in returns on portfolios sorted based on earnings-toprice ratio, book-to-market equity, hiring rate. The main insight behind these results in the model is simple. Growth opportunities gain in value when matched with workers. Since probability of a non-active project to be matched with a worker is higher in recession, growth opportunities are less prone to lose value in recession, which makes them safer.
The model is consistent with aggregate patterns of labor market dynamics and delivers a rich set of predictions regarding hiring decision of firms with different characteristics. N't) ). 
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